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Abstrak 
Pengoptimum Koloni Semut (ACO) adalah algoritma metaheuristik yang boleh 
digunakan untuk menyelesai pelbagai masalah pengoptimuman kombinasi. Halatuju 
baru bagi ACO adalah untuk mengoptimumkan pembolehubah selanjar dan 
bercampur (diskrit dan selanjar). Mesin Vektor Sokongan (SVM) adalah satu 
pendekatan klasifikasi corak yang berpunca daripada pendekatan statistik. Walau 
bagaimanapun, SVM mempunyai dua masalah utama iaitu pemilihan atribut subset 
dan penalaan parameter. Kebanyakan pendekatan yang berkait dengan penalaan 
parameter SVM mendiskritkan nilai selanjar parameter dan ini akan memberi kesan 
negatif kepada prestasi klasifikasi. Tesis ini melaporkan empat algoritma untuk 
menala parameter SVM dan memilih atribut subset yang meningkatkan prestasi 
klasifikasi SVM dengan saiz attribute subset yang lebih kecil. Ini boleh dicapai 
dengan melaksanakan proses pemilihan subset dan penalaan parameter SVM secara 
serentak. Penghibridan algoritma ACO dan teknik SVM telah dicadangkan. Dua 
kelompok algoritma pertama iaitu algoritma ACOR-SVM dan IACOR-SVM akan 
menala parameter SVM manakala dua algoritma kedua iaitu algoritma ACOMV-R-
SVM and IACOMV-R-SVM boleh melaksanakan penalaan parameter SVM dan 
pemilihan atribut subset secara serentak. Sepuluh dataset penanda aras dari 
University California, Irvine, telah digunakan dalam eksperimen untuk mengesahkan 
prestasi algoritma yang dicadangkan. Dapatan eksperimen daripada algoritma yang 
dicadangkan adalah lebih baik berbanding pendekatan lain dari segi ketepatan 
klasifikasi dan saiz subset atribut. Purata ketepatan klasifikasi bagi algoritma ACOR-
SVM, IACOR-SVM, ACOMV-R dan IACOMV-R adalah 94.73%, 95.86%, 97.37% dan 
98.1%. Purata saiz atribut subset adalah lapan bagi algoritma ACOR-SVM dan 
IACOR-SVM dan empat bagi algoritma ACOMV-R dan IACOMV-R. Dapatan kajian ini 
turut menyumbang kepada halatuju baru bagi ACO yang boleh digunakan untuk  
pembolehubah ACO  yang selanjar dan bercampur. 
 
Kata kunci: Pengoptimum koloni semut selanjar, Pengoptimum koloni semut bercampur, 
Mesin vektor sokongan, Penalaan parameter SVM, Pemilihan subset atribut. 
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Abstract 
Ant Colony Optimization (ACO) is a metaheuristic algorithm that can be used to 
solve a variety of combinatorial optimization problems. A new direction for ACO is 
to optimize continuous and mixed (discrete and continuous) variables. Support 
Vector Machine (SVM) is a pattern classification approach originated from statistical 
approaches. However, SVM suffers two main problems which include feature subset 
selection and parameter tuning. Most approaches related to tuning SVM parameters 
discretize the continuous value of the parameters which will give a negative effect on 
the classification performance. This study presents four algorithms for tuning the 
SVM parameters and selecting feature subset which improved SVM classification 
accuracy with smaller size of feature subset. This is achieved by performing the 
SVM parameters’ tuning and feature subset selection processes simultaneously. 
Hybridization algorithms between ACO and SVM techniques were proposed. The 
first two algorithms, ACOR-SVM and IACOR-SVM, tune the SVM parameters while 
the second two algorithms, ACOMV-R-SVM and IACOMV-R-SVM, tune the SVM 
parameters and select the feature subset simultaneously. Ten benchmark datasets 
from University of California, Irvine, were used in the experiments to validate the 
performance of the proposed algorithms. Experimental results obtained from the 
proposed algorithms are better when compared with other approaches in terms of 
classification accuracy and size of the feature subset. The average classification 
accuracies for the ACOR-SVM, IACOR-SVM, ACOMV-R and IACOMV-R algorithms 
are 94.73%, 95.86%, 97.37% and 98.1% respectively. The average size of feature 
subset is eight for the ACOR-SVM and IACOR-SVM algorithms and four for the 
ACOMV-R and IACOMV-R algorithms. This study contributes to a new direction for 
ACO that can deal with continuous and mixed-variable ACO. 
 
 
Keywords: Continuous ant colony optimization, Mixed-variable ant colony 
optimization, Support vector machine, Tuning SVM parameters, Feature subset 
selection. 
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CHAPTER ONE 
INTRODUCTION 
Classification is a supervised learning approach which is a significant field of 
research involving labeling an object to one of a group of classes, related to features 
of that object (Qian, Chen & Cai, 2011; Khashei, Hamadani & Bijari, 2012; Khashei, 
Hamadani & Bijari, 2011; Tsai et al., 2011; Cheng et al., 2010; Liu, Liu & Zhang, 
2010; Mastrogiannis, Boutsinas & Giannikos, 2009; Tseng & Lee, 2009; and Uney 
& Turkay, 2006) and it is considered one of the basic difficulties in a numerous 
decision making processes. Many decision making processes are examples of 
classification difficulty or can be simply transformed into classification difficulty, 
for example, prognosis processes, diagnosis processes, and pattern recognition 
(Orkcu & Bal, 2011). Data classification process consists of: training and testing and 
this is undertaken in a two stage procedure. First, the training data are used to build 
the classifier (model for classification) and subsequently, the classifier will be tested 
using the test data (Uney & Turkay, 2006; and Cheng et al., 2010). The execution of 
the classification procedure is determined by the precision of the distinguishing 
function for the particular problem to which it is applied. A distinguishing function is 
improved to minimize the misclassification percentage, regarding the few present 
examples of input and output vector pairs, which are known as the training data 
group. This distinguishing function is then utilized to classify new examples into 
pre-defined categories and to test the precision of the classification (Qian, Chen & 
Cai, 2012; Khashei, Hamadani & Bijari, 2012; Khashei, Hamadani & Bijari, 2011; 
Tsai et al., 2011; Cheng et al., 2010; Liu, Liu & Zhang, 2010; Mastrogiannis, 
Boutsinas & Giannikos, 2009; Tseng & Lee, 2009; and Uney & Turkay, 2006). The 
The contents of 
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